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Abstract

We study Martin-Löf random (ML-random) points on computable probability measures on
sample and parameter spaces (Bayes models). We consider variants of conditional random-
ness defined by ML-randomness on Bayes models and those of conditional blind randomness.
We show that variants of conditional blind randomness are ill-defined from the Bayes statis-
tical point of view. We prove that if the sets of random sequences of uniformly computable
parametric models are pairwise disjoint then there is a consistent estimator for the model.
Finally, we present an algorithmic solution to a classical problem in Bayes statistics, i.e. the
posterior distributions converge weakly to almost all parameters if and only if the posterior
distributions converge weakly to all ML-random parameters.

Keywords: Martin-Löf randomness, generalized van Lambalgen’s theorem, conditional
probability, collective, Bayes consistency theorem, uniform randomness
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1. Introduction

We study Martin-Löf random [17–19, 22, 23, 28] (ML-random) points on computable
probability measures on sample and parameter spaces (computable Bayes models). We
assume that samples and parameters are infinite binary sequences except for Section 4.2. A
conditional distribution [16, 36] is defined for a Bayes model. A conditional distribution given
a finite prefix of sample sequence is called a posterior distribution. A marginal distribution
on parameter space is called a prior.

In Bayes statistics, we study relations between samples and parameters. Loosely speak-
ing, we say that a probability model is a true model of a sequence or a sequence is generated
by the model if the sequence is random with respect to (w.r.t.) the model. In Bayes statis-
tics, we assume that a sample sequence x∞ is generated by the marginal distribution on
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sample space. Then we estimate the parameter y∞ by the posterior distributions given fi-
nite prefixes of x∞ such that x∞ is random w.r.t. the conditional distribution given y∞.
The Bayes consistency theorem [8, 11, 14] says that the posterior distributions given finite
prefixes of x∞ weakly converge to a parameter y∞ for almost all x∞ w.r.t. the conditional
distribution given y∞ for almost all y∞ w.r.t. the prior for an appropriate class of Bayes
models (consistent Bayes models). The parameter of the true model is not determined a
priori but is estimated by the posterior distributions cf. von Mises [25]. If we consider only a
fixed parameter, we do not know if the posterior distributions given finite prefixes of random
sequence weakly converge to some parameter.

To state the Bayes consistency theorem for individual random sequences and parameters,
we need to consider the sets of random sequences and parameters w.r.t. marginal distributions
and the family of sets of random sequences w.r.t. conditional distributions given random
parameters simultaneously. For computable Bayes models, we assume that (i) a sequence
is random w.r.t. the marginal distribution on sample space if and only if there is a random
parameter and the sequence is random w.r.t. the conditional distribution given the parameter.
For computable and consistent Bayes models, we further assume that (ii) if a sequence is
random w.r.t. the marginal distribution on sample space then the posterior distributions
given finite prefixes of the sequence weakly converge to the true model. The assumption (i) is
equivalent to that (i’) the set of random sequences w.r.t. the marginal distribution on sample
space equals the union of the sets of random sequences w.r.t. the conditional distributions
given random parameters. The family of the sets of random sequences w.r.t. the conditional
distributions given random parameters is determined by those distributions (and hence by
the Bayes model). The assumption (i’) requires that the union of those sets is determined
only by the marginal distribution on sample space. Assumption (i), (i’), and (ii) are natural
requirements for any notion of randomness in Bayes models, see Section 4.3.

Theorem 2.1 [30–32] shows that for a computable Bayes model there exists a version
of conditional distribution (the standard conditional distribution) that is defined for ML-
random parameters w.r.t. the prior. We study four families of the sets of random sequences
w.r.t. the standard conditional distribution: two of them are defined by ML-randomness
on Bayes models (variants of conditional Bayes randomness) and the others are defined
by the blind (Hippocratic) tests [6, 15] for conditional distributions with given parameters
(variants of conditional blind randomness). Theorem 2.4 parts 1 and 3 show that variants of
conditional Bayes randomness satisfy the assumptions (i’) and (ii) for all computable Bayes
models. On the other hand, there are different computable and consistent Bayes models that
have the same marginal distribution on sample space but their unions of conditional blind
random sequences for all random parameters are different. Theorem 2.4 part 4 shows that
there is no family of sets of random sequences w.r.t. the marginal distribution on sample
space that satisfy the assumption (i’) for variants of conditional blind randomness for the
class of computable and consistent Bayes models. We consider that variants of conditional
blind randomness are ill-defined as conditional randomness for Bayes models.

The rest of the paper is structured as follows. In Section 2, we state our main theorem.
In Section 3, we study ML-random points in Bayes models. In Section 3.1, we show the rela-
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tionship between variants of random sequences w.r.t. the standard conditional distributions.
In this paper, we assume the computability of joint probability measures, however, we do
not demand uniform computability on standard conditional distributions. In Section 4.1,
we compare ML-randomness in Bayes models with randomness for uniformly computable
parametric models [6, 13, 15, 21, 35]. Theorem 4.6 shows that standard conditional distri-
butions are equal to uniformly computable parametric models on ML-random parameters
when the Bayes models are constructed from uniformly computable parametric models and
computable priors. We show that if the sets of uniform random sequences are pairwise dis-
joint for different parameters (effectively orthogonal [6]), then there is a consistent estimator,
i.e. a measurable function that equals y∞ with probability one for the probability model of
the parameter y∞ for all y∞. In Section 4.2, we discuss ML-randomness of Bayes models
on complete separable metric spaces and present an algorithmic solution to a classical prob-
lem in Bayes statistics [9], i.e. for the Bayes models on complete separable metric spaces,
the posterior distribution is consistent at almost all parameters if and only if the posterior
distribution is consistent at all ML-random parameters. Finally in Section 4.3, we briefly
re-discuss randomness in statistical models. We compare our notion of randomness in Bayes
models with that in non-Bayes models (parametric models without prior), which may help
to understand our assumptions (i), (i’), and (ii).

2. Main theorem

Let Ω be the set of infinite binary sequences, and S the set of finite binary strings. We
also call an element of Ω ∪ Ω2 a point. Let ∆(x) be the set of infinite binary sequences
that start with x ∈ S, and |x| the length of x ∈ S. To clarify the difference between finite
strings and infinite sequences, we use symbols such as x, y for finite strings and x∞, y∞ for
infinite sequences. Except for the clearly stated cases, do not confuse symbols such as x∞

with the repetition of a string. Let λ be the empty word. We write x ⊑ y if x is a prefix of
y for x, y ∈ S ∪ Ω including the case x = y and x ⊏ y if x ⊑ y and x 6= y. Let Bc be the
complement of B. We write Ã :=

⋃

x∈A ∆(x) for A ⊆ S. For A ⊆ S2, Ã is defined similarly.
Let open sets in Ω be those generated by {∆(x) | x ∈ S}, i.e. every open set in Ω is a union

of elements in {∆(x) | x ∈ S}. Let (Ω,B1) be a measurable space where B1 is the smallest
σ-algebra that includes {∆(x) | x ∈ S}. Similarly, let open sets in Ω2 be those generated by
{∆(x)×∆(y) | x, y ∈ S} and (Ω2,B2) a measurable space where B2 is the smallest σ-algebra
that includes {∆(x)×∆(y) | x, y ∈ S}. Let d(x∞, y∞) :=

∑

n |xn−yn|2
−n for all x∞, y∞ ∈ Ω

where x∞ = x1x2 · · · and y∞ = y1y2 · · ·. Then d is a metric on Ω and open sets induced by d
are equivalent to those generated by {∆(x) | x ∈ S}. Similarly for (x∞, y∞), (x′∞, y′∞) ∈ Ω2,
let d2((x∞, y∞), (x′∞, y′∞)) := d(x∞, x′∞) + d(y∞, y′∞). Then d2 is a metric on Ω2 and open
sets induced by d2 are equivalent to those generated by {∆(x) × ∆(y) | x, y ∈ S}. In the
following, we consider the metrics d on Ω and d2 on Ω2.

Except for Section 4.2, set X = Y = Ω. Let P be a probability measure on (X×Y,B2), PX

marginal distribution on (X,B1), and PY marginal distribution on (Y,B1). For all x, y ∈ S,
let P (x, y) := P (∆(x) × ∆(y)), PX(x) := P (∆(x) × Ω), and PY (y) := P (Ω × ∆(y)). For
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all x, y ∈ S, let P (x | y) := P (x, y)/PY (y) if PY (y) 6= 0 and PY |X(y | x) := P (x, y)/PX(x)
(posterior distribution) if PX(x) 6= 0.

Let U ⊆ S × N. U is called a test (effective null set) or ML-test w.r.t. P on (Ω,B)
if U is recursively enumerable (r.e.), Ũn ⊇ Ũn+1, and P (Ũn) < 2−n, where Un = {x |
(x, n) ∈ U}, for all n. The ML-random sequences w.r.t. P are defined as the complement
of the effective null sets w.r.t. P . We denote it by RP , i.e. RP := (

⋃

U : test

⋂

n Ũn)
c. Let

RP,A := (
⋃

U : test

⋂

n Ũn)
c, where U is a test with oracle A, i.e. U is r.e. with oracle A,

Ũn ⊇ Ũn+1, and P (Ũn) < 2−n for all n. Similarly, RP and RP,A are defined w.r.t. P on
(Ω2,B2). RP and RP,A are forms of blind randomness, i.e. we neither assume that P is
computable nor computable with oracle A. In the following, for simplicity, we say that
(Ω,B1, P ) and (X × Y,B2, P ) are computable if P on (Ω,B1) and (Ω2,B2) are computable,
respectively.

We obtain the following theorem from the martingale convergence theorem for individual
ML-random sequences [30, 31].

Theorem 2.1 (Takahashi [30–32]) Assume that (X × Y,B2, P ) is computable. For all
x ∈ S and y∞ ∈ RPY , set

P (x | y∞) := lim
y→y∞

P (x | y)

if the right-hand side exists. Then for each y∞ ∈ RPY , P (· | y∞) is a probability measure on
(X,B1).

Definition 2.2 The family of probability measures {P (· | y∞) | y∞ ∈ RPY } is called the
standard conditional distribution.

For each x ∈ S, conditional probability P (x | y∞) is a Borel-measurable random variable on
Y that satisfies

∫

∆(y)

P (x | y∞)dPY = P (x | y) for all y ∈ S,

see Theorem 33.1 on page pp.434 in [7]. Conditional probability is not unique. Two versions
of conditional probability are called equivalent if they coincide for almost all y∞. From the
Radon-Nikodým theorem, the standard conditional distribution is a version of conditional
probability [36]. A version of conditional probability is called regular if the conditional
probability given the parameter is a probability measure for almost all parameters. By
Theorem 2.1, the standard conditional distribution is a probability measure for each ML-
random parameter and hence regular, but it may not be computable with oracle access to
the ML-random parameter, see Remark 3.3. To state the theorems in the Bayes models for
individual ML-random points, e.g. consistency theorem for the posterior distributions (The-
orem 3.4), we fix the standard conditional distribution as a version of conditional probability.
A computable Bayes model defines a standard conditional distribution and prior, and vice
versa.

We define consistent Bayes models.
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⋂

y→y∞ RP (·|y)

⊆(i) ⊆ (ii)

RP
y∞ RP (·|y∞)

⊆(iii) ⊆ (iv)

RP (·|y∞),y∞

(a) General Case

RP
y∞ =

⋂

y→y∞ RP (·|y)

⊆ (v)

RP (·|y∞)

⊆ (vi)

RP (·|y∞),y∞

(b) Consistent Case

Figure 1: Figure (a) shows relations between variants of conditional random sequences. Figure (b) shows
those relations when the Bayes model is consistent. If the conditional probability is computable with ML-
random oracle y∞ and the Bayes model is consistent then the four sets in figure (b) are equal. Theorem 3.10
shows a counter-example of the equalities in (ii) and (v). Lemma 3.9 shows a counter-example of the
equalities in (i) and (iv). Lemma 3.9 and Theorem 3.10 show that RP

y∞ and RP (·|y∞) are incomparable in
the general case. The counter-example of equality in (iii) is due to Bauwens [4, 5]. The equality in (vi) for
consistent parametric models was presented in Kjos Hanssen [15] and Bienvenu et al. [6], see Section 4.1.
An example of the equality in (vi) for non-uniformly computable orthogonal conditional distributions is
presented in Theorem 3.10. It remains open whether the equality in (vi) always holds for all ML-random
y∞ (Remark 3.11).

Definition 2.3 Let P be a probability measure on (X × Y,B2). Let δy∞ be the probability
measure on (Y,B1) such that δy∞({y∞}) = 1. The posterior distribution PY |X(· | x) weakly
converges to δy∞ as x → x∞ if and only if for any neighborhood A of y∞, limx→x∞ PY |X(A |
x) = 1. The posterior distribution is called consistent at y∞ if it weakly converges to δy∞ as
x → x∞ for almost all x∞ w.r.t. P (· | y∞). P is called consistent if the posterior distribution
is consistent at almost all parameters.

For a set A ⊆ Ω × Ω, let Ay∞ := {x∞ | (x∞, y∞) ∈ A}. Consider the following sets for
y∞ ∈ RPY ,
(i)

⋂

y→y∞ RP (·|y), the intersection of the sets of ML-random sequences w.r.t. P (· | y) for all
finite prefixes of y∞,
(ii) RP

y∞, the section of ML-random points RP at y∞,

(iii) RP (·|y∞), ML-random sequences w.r.t. P (· | y∞), and
(iv) RP (·|y∞),y∞, ML-random sequences w.r.t. P (· | y∞) with oracle y∞.
Figure 1 shows relations between these sets.

Theorem 2.4 (Main theorem)
1. Assume that (X × Y,B2, P ) is computable. Then

RPX =
⋃

y∞∈RPY

⋂

y→y∞

RP (·|y) =
⋃

y∞∈RPY

RP
y∞ ⊇

⋃

y∞∈RPY

RP (·|y∞) ⊇
⋃

y∞∈RPY

RP (·|y∞),y∞ .
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2. Assume that (X × Y,B2, P ) is computable and P (· | y∞) is computable with oracle y∞ for
each fixed y∞ ∈ RPY . Then

RPX =
⋃

y∞∈RPY

⋂

y→y∞

RP (·|y) =
⋃

y∞∈RPY

RP
y∞ =

⋃

y∞∈RPY

RP (·|y∞) =
⋃

y∞∈RPY

RP (·|y∞),y∞ .

3. Assume that (X × Y,B2, P ) is computable and consistent. Then

x∞ ∈ RPX if and only if there is a unique y∞ ∈ RPY such that

PY |X(x) weakly converges to δy∞ as x → x∞and

x∞ ∈ RP
y∞(=

⋂

y→y∞

RP (·|y)).

4. There is no R̃ : {P | (Ω,B1, P ) is computable} → {A | A ⊆ Ω} such that

R̃(PX) =
⋃

y∞∈RPY

RP (·|y∞) for all computable and consistent (X × Y,B2, P ).

Similarly, there is no R̃ : {P | (Ω,B1, P ) is computable} → {A | A ⊆ Ω} such that

R̃(PX) =
⋃

y∞∈RPY

RP (·|y∞),y∞ for all computable and consistent (X × Y,B2, P ).

5. Assume that (X × Y,B2, P ) is computable. Then
the sets (i)–(iv) are Borel sets in Ω and the probabilities of these sets w.r.t. P (· | y∞) are
one for all y∞ ∈ RPY , and
⋃

y∞∈RPY

⋂

y→y∞ RP (·|y) and
⋃

y∞∈RPY RP
y∞ are Borel sets in Ω and the probabilities of these

sets w.r.t. PX are one.

The proof of Theorem 2.4 is given after the proof of Theorem 3.10.
Roughly speaking, the sets (i) and (ii) are defined from Bayes models; those (iii) and

(iv) are defined from conditional probabilities with given parameters. For simplicity, we
call the families of sets {

⋂

y→y∞ RP (·|y) | y∞ ∈ RPY } and {RP
y∞ | y∞ ∈ RPY } variants of

conditional Bayes randomness. We call the families of sets {RP (·|y∞) | y∞ ∈ RPY } and
{RP (·|y∞),y∞ | y∞ ∈ RPY } variants of conditional blind randomness. By Theorem 2.4 parts
1 and 3, both of the variants of conditional Bayes randomness satisfy our assumptions (i’)
and (ii). On the other hand, by Theorem 2.4 part 4, neither variant of conditional blind
randomness satisfies the assumption (i’). We consider that variants of conditional blind
randomness are ill-defined as conditional randomness for Bayes models.

Takahashi [30–33] defined the family of sets {RP
y∞ | y∞ ∈ RPY } to be the sets of condi-

tional random sequences w.r.t. the standard conditional distribution {P (· | y∞) | y∞ ∈ RPY }.

Remark 2.5 The author does not know if the sets
⋃

y∞∈RPY RP (·|y∞) and
⋃

y∞∈RPY RP (·|y∞),y∞

are always measurable for all computable (X × Y,B2, P ).
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3. ML-randomness and Bayes models

The van Lambalgen theorem [20] states that a pair of sequences (x∞, y∞) ∈ Ω2 is ML-
random w.r.t. the product of uniform measures if and only if y∞ is ML-random and x∞ is
ML-random with oracle y∞.

Theorem 3.1 (Generalized van Lambalgen theorem, Takahashi [30–33]) Assume that
(X × Y,B2, P ) is computable. Then

RP
y∞ ⊇ RP (·|y∞),y∞ for all y∞ ∈ RPY . (1)

Fix y∞ ∈ RPY and assume that P (· | y∞) is computable with oracle y∞. Then

RP
y∞ = RP (·|y∞),y∞ . (2)

Theorem 3.2 (Takahashi [30–32]) Assume that (X × Y,B2, P ) is computable. Then

P (RP
y∞ | y∞) = 1 if y∞ ∈ RPY and RP

y∞ = ∅ else.

RPX =
⋃

y∞∈RPY

RP
y∞ . (3)

Remark 3.3 1. Vovk and V’yugin [35] proved (2) and (3) for Bayes models that are con-
structed from uniformly computable parametric models and computable priors, see Sec-
tion 4.1.
2. Theorem 5.2 in [31] demonstrates equation (1) when P (· | y∞) is computable with oracle
y∞. However, the same proof for (1) holds true when P (· | y∞) is not computable with
oracle y∞. In [33], (2) is proved without assuming uniform computability of the conditional
distributions.
3. Non-computable conditional distributions are presented in work by Ackerman et al. [1].
Bauwens [4] showed an example that violates the equality in (2) and RP (·|y∞),y∞ is a proper
subset of RP

y∞ in (1) when the conditional distribution is not computable with oracle y∞.
Takahashi [34] showed an example that the conditional distributions are not computable with
oracle y∞ for all y∞, but (2) holds true. For more details on the generalized van Lambalgen
theorem, see the survey Bauwens et al. [5]. �

Two probability measures P and Q on (Ω,B1) are called orthogonal and denoted by
P ⊥ Q if there is A ∈ B1 such that P (A) = 1 and Q(A) = 0. The following theorem shows
equivalent statements for the consistency of Bayes models including statements described
with ML-randomness.

Theorem 3.4 Assume that (X × Y,B2, P ) is computable. The following statements are
equivalent:
(i) P (· | y) ⊥ P (· | z) for all ∆(y) ∩∆(z) = ∅.
(ii) RP (·|y) ∩RP (·|z) = ∅ for all ∆(y) ∩∆(z) = ∅.
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(iii) PY |X(· | x) weakly converges to δy∞ as x → x∞ for all (x∞, y∞) ∈ RP .
(iv) RPY ⊆ {y∞ ∈ Ω | the posterior distribution PY |X is consistent at y∞}.
(v) P is consistent.
(vi) There is a measurable f : X → Y such that P (f−1(y∞) | y∞) = 1 for almost all y∞

w.r.t. PY .
(vii) RP

y∞ ∩ RP
z∞ = ∅ for all y∞ 6= z∞.

(viii) There is a measurable onto f : RPX → RPY such that P (f−1(y∞) | y∞) = 1 for all
y∞ ∈ RPY .

Before we prove the theorem, we show a lemma.

Lemma 3.5 Assume that (X×Y,B2, P ) is consistent. Then there is a measurable f : X → Y
such that P (f−1(y∞) | y∞) = 1 for almost all y∞ w.r.t. PY .

Proof) Let

g−1(y∞) := {x∞ | PY |X(· | x) weakly converges to δy∞ as x → x∞} and

f−1(y∞) :=

{

g−1(y∞) if y∞ 6= 0∞

g−1(0∞) ∪ (X \
⋃

y∞∈Y g−1(y∞)) else,

where 0∞ is the sequence consisting of 0s.
Then f : X → Y is well-defined, i.e. f−1(y∞) ∩ f−1(z∞) = ∅ for all y∞ 6= z∞. We show

that f is measurable. Let

Ay,ǫ,L := {x | PY |X(y | x) > 1− ǫ, |x| = L} and

By :=
⋂

k : ǫ=1/k

⋃

L

⋂

L′ : L≤L′

Ãy,ǫ,L′.

We have that By = {x∞ | limx→x∞ PY |X(y | x) = 1}, By ∩ Bw = ∅ if ∆(y) ∩∆(w) = ∅, and
By ⊇ Bw if y ⊑ w. By the definition of weak convergence of the posterior distributions, we
have

⋂

n : |z|≤n

⋃

y : |y|=n
z⊑y

By = g−1(∆(z)).

Since Ãy,ǫ,L is open for all y, ǫ, L, we have that g−1(∆(z)) ∈ B1 for all z ∈ S and f is
measurable. Since P is consistent, we have P (f−1(y∞) | y∞) = 1 for almost all y∞. �

Proof of Theorem 3.4) For the proof of (i) ⇒ (ii) ⇒ (iii), see the proof of Theorem 6.1 in
[33]. The implication (iii) ⇒ (iv) is immediate. The implication (iv) ⇒ (v) follows from that
PY (R

PY ) = 1. The implication (v) ⇒ (vi) is due to Lemma 3.5. We show (vi) ⇒ (i). By (vi),
we have f−1(∆(y)), f−1(∆(z)) ∈ B1 and f−1(∆(y))∩ f−1(∆(z)) = ∅ for all ∆(y)∩∆(z) = ∅.
By the Fubini theorem and (vi), we have P (f−1(∆(y)) | y) = 1 and P (f−1(∆(z)) | z) = 1
for all ∆(y) ∩∆(z) = ∅. We have the equivalence (i)–(vi).

The implication (iii) ⇒ (vii) is immediate. We show (vii) ⇒ (viii). Let f−1(y∞) = RP
y∞

for all y∞ ∈ RPY . By (vii) and Theorem 3.2, f : RPX → RPY is well-defined, an onto function,
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and P (f−1(y∞) | y∞) = 1 for all y∞ ∈ RPY . By Theorem 3.2, f−1(RPY ) = RPX ∈ B1 and
similarly, f−1(∆(s) ∩ RPY ) ∈ B1 for any s ∈ S, and we see that f in (viii) is measurable.
The proof of (viii) ⇒ (i) is similar to that of (vi) ⇒ (i). �

Remark 3.6 Takahashi [30, 32, 33] showed the equivalence of the statement in Theorem 3.4
except for statements (iv) and (v). The equivalence (i) and (vi) is due to Corollary 2
in Breiman et al. [8]. The equivalence (i) and (ii) is due to Martin-Löf (pp. 103 second
paragraph [24]), see also Theorem 4.1 in [33] and Theorem 8.6 in [6]. Doob [11] showed that
if there is a measurable function f : X → Y such that P (f−1(y∞) | y∞) = 1 for all y∞ ∈ Y
then P is consistent, see also [14, 27].

For further study on ML-random points on Bayes models, see Dębowski [10], Takahashi [31,
33] and Vovk and V’yugin [35]. When the prior is discrete, Theorem 3.4 reduces to the
consistency of the MDL model selection [2, 3] for individual random sequences [33]. Li and
Vitányi [22] study MDL model selection in terms of Kolmogorov complexity.

3.1. Relations between conditional randomness

We prove all inclusions shown in Figure 1.

Lemma 3.7 Assume that (X × Y,B2, P ) is computable. Then

RP (·|y∞) ⊆ RP (·|y) for all y ⊏ y∞ and y∞ ∈ RPY .

Proof) First we prove the lemma for y = λ. Let y = λ then P (· | y) = PX . Let UX be
a test w.r.t. PX and UX×λ := {(x, λ, n) | (x, n) ∈ UX}. UX×λ is a test w.r.t. P . Since
(ŨX×λ

n )y∞ = ŨX
n , from Corollary 4.1 in [31], for all y∞ ∈ RPY there is an integer M such

that

P (
∑

n

IŨX
n
> k | y∞) <

M

k
for all k,

where I is the characteristic function, i.e. IŨX
n
(x∞) = 1 if x∞ ∈ ŨX

n and 0 otherwise. We

have a test V X (Ṽ X
k := {

∑

n IŨX
n
> M2k} for all k) w.r.t. P (· | y∞) and the lemma is proved

for y = λ. Similarly, we can show the lemma for all finite prefix y ⊏ y∞. �

Theorem 3.8 Assume that (X × Y,B2, P ) is computable.
⋂

y→y∞

RP (·|y) ⊇ RP (·|y∞) and
⋂

y→y∞

RP (·|y) ⊇ RP
y∞ for all y∞ ∈ RPY . (4)

If P is consistent, we have
⋂

y→y∞

RP (·|y) = RP
y∞ ⊇ RP (·|y∞) ⊇ RP (·|y∞),y∞ for all y∞ ∈ RPY . (5)

Fix y∞ ∈ RPY and assume that P (· | y∞) is computable with oracle y∞. If P is consistent,
we have

⋂

y→y∞

RP (·|y) = RP
y∞ = RP (·|y∞) = RP (·|y∞),y∞ . (6)

9



Proof) Similarly, as presented in Theorem 3.2, we can show that

RP (·|y) =
⋃

y∞∈RPY ∩∆(y)

RP
y∞ for all y. (7)

From Lemma 3.7, we obtain (4).
Assume that P is consistent. By Theorem 3.4, we have RP

y∞ ∩ RP
z∞ = ∅ if y∞ 6= z∞.

From (7), we have
⋂

y→y∞

RP (·|y) = RP
y∞ . (8)

From (4) and (8) we have (5). Eq. (6) follows from Theorem 3.1 and (5). �

The following lemma shows a counterexample that the inclusions (i) and (iv) in Figure
1 can be strict simultaneously.

Lemma 3.9 Let P := U × U , where U is the uniform probability measure on (Ω,B1), then
⋂

y→y∞ RP (·|y) \ RP
y∞ 6= ∅ and RP (·|y∞) \ RP (·|y∞),y∞ 6= ∅ for all y∞ ∈ RU .

Proof) The diagonal set is covered by a test, i.e. {(x∞, x∞) | x∞ ∈ Ω} ⊆ (RP )c. Let
y∞ ∈ RU , from van Lambalgen’s theorem [20], we have y∞ /∈ RU,y∞ = RP

y∞ ⊆ RU =
⋂

y→y∞ RP (·|y). �

To show an example in which RP
y∞ \ RP (·|y∞) 6= ∅ in (5), we construct a consistent

Bayes model with the properties (i)–(iv) listed in Theorem 3.10 by modifying the examples
of Bauwens [4] (Example 2 in [5]). Note that the examples in [4, 5] do not imply (iv) in
Theorem 3.10.

Y

X

B1

B2

α

10∞ 110∞ 1∞

Figure 2: Construction of the counter-example. The joint measure P concentrates on the thick lines. P is
consistent. The conditional distribution P (· | y∞) is not continuous at the parameter y∞ = 1∞.

Theorem 3.10 There is (X × Y,B2, P ) such that
(i) P is computable,

10



(ii) {1∞} ∈ RPY and P (· | 1∞) is not computable,
(iii) P (· | y) ⊥ P (· | z) for all ∆(y) ∩∆(z) = ∅, and
(iv) RP

1∞ \ RP (·|1∞) 6= ∅ and RPX \
⋃

y∞∈RPY RP (·|y∞) 6= ∅.

Here, 1∞ is the sequence consisting of 1s.

Proof of Theorem 3.10) First, we prove (i). Let PX be the uniform distribution on X. Let
α′ =

∑

s∈S 2
−K(s), where K is the prefix complexity. Let α ∈ Ω be the binary expansion of

α′ then α ∈ RPX [22]. Let g(s) :=
∑

1≤i≤k 2
−isi where s = s1 · · · sk and si = 0 or 1 for i =

1, . . . , k. Consider a computable sequence of strings a1, a2, . . . such that g(a1) < g(a2) < · · ·
is increasing and limi g(ai) = α′.

For all i, set Ai := {s ∈ S | g(s) ≤ g(ai)}, Bi := Ãi \ Ãi−1 for i ≥ 1, and A0 = ∅. We
define the measure P on X × Y as follows. For all x ∈ S and i, define

P (λ, 0) := 0,

P ((Bi ∩∆(x))× {1i0∞}) := PX(Bi ∩∆(x)),

P (Bc
i × {1i0∞}) := 0,

P (((Ãi−1)
c ∩∆(x))×∆(1i)) := PX((Ãi−1)

c ∩∆(x)), and

P (Ãi−1 ×∆(1i)) := 0,

where 1i is the string consisting of i 1s. For the construction of the measure, see Fig. 2. By
construction, the total measure of P is one. Let C :=

⋃

i Bi × ∆(1i0). For all x, y ∈ S, we
have

P (x, y) = P ((∆(x)×∆(y)) ∩ C) if y 6= 1|y|,

P (x, y) = PX(∆(x) ∩ (Ã|y|−1)
c) if y = 1|y|.

Since the right-hand sides are computable, P is computable.
Next, we show (ii). Since P (Ω × ∆(1k)) = PX((Ãk−1)

c), we have PY ({1
∞}) = P (Ω ×

∆(1∞)) = PX(∩k(Ãk)
c) = 1 − α > 0 and {1∞} ∈ RPY . We have P (x | 1∞) = 0 if

∆(x) ⊆ ∪iÃi and P (x | 1∞) = PX(x)/(1− α) if ∆(x) ⊆ ∩i(Ãi)
c. Since α is not computable,

P (· | 1∞) is not computable.
By construction, we have PY ({1

i0∞}) > 0 for all i and PY ({1
∞}) > 0. Since PY ((

⋃

i{1
i0∞}∪

{1∞})c) = 0, the set (
⋃

i{1
i0∞} ∪ {1∞})c is covered by a test, and we have RPY =

⋃

i{1
i0∞} ∪ {1∞}. By construction, P (· | y∞) is orthogonal for different y∞ ∈ RPY ; we

obtain statement (iii) of the theorem.
Similar to [4, 5], set Un := {s | ∃i g(s) < g(ai) +

1
n
}. Then U = {(s, n) | ∃n s ∈ Un} is

r.e. and P (Ũn | 1∞) ≤ 1/n for all n. U is a test that covers α, i.e. α /∈ RP (·|1∞).
Let b1 ⊏ b2 · · · be an increasing sequence of prefixes of α such that bn → α as n → ∞. By

construction, ∀k∃M∀n ≥ M PY |X(1
k | bn) = 1. We have ∀k PY |X(1

k | α) = 1, PY |X({1
∞} |

α) = 1, and {1∞} ∈ RPY |X(·|α),α. Since α ∈ RPX , from (1), we have (α, 1∞) ∈ RP and
α ∈ RP

1∞ . Since α /∈ RP (·|1∞), from Theorem 3.8, we have the first part of statement (iv) of
the theorem.
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Since α ∈ RP
1∞ , α /∈ RP (·|1∞), RP

y∞ are disjoint for different y∞ ∈ RPY (Theorem 3.4),

and RP
y∞ ⊇ RP (·|y∞) for all y∞ ∈ RPY (Theorem 3.8), we have the latter part of statement

(iv) of the theorem. �

Proof of Theorem 2.4. Part 1 follows from

RPX =
⋃

y∞∈RPY

RP
y∞ ⊆

⋃

y∞∈RPY

⋂

y→y∞

RP (·|y) (9)

⊆
⋃

y∞∈RPY

RPX = RPX , (10)

where (9) follows from (4), and (10) follows from (7). By Lemma 3.7, we have RPX ⊇
⋃

y∞∈RPY RP (·|y∞) ⊇
⋃

y∞∈RPY RP (·|y∞),y∞ .
Part 2 follows from part 1 and Theorem 3.1.
Proof of part 3. The if part follows from part 1. The only if part follows from Theorem 3.4
(iii) and (5).
Proof of part 4. Let PY ({0

∞}) := 1 and P (· | 0∞) := U , where U is the uniform measure on
X. Then (X × Y,B2, P ) is computable and consistent. We have PX = U and RPX = RU =
⋃

y∞∈RPY RP (·|y∞) =
⋃

y∞∈RPY RP (·|y∞),y∞ = RP (·|0∞) = RP (·|0∞),0∞ . Let (X × Y,B2, P
′)

be the computable and consistent model defined in Theorem 3.10. Then PX = P ′
X and

⋃

y∞∈RPY RP (·|y∞) =
⋃

y∞∈RPY RP (·|y∞),y∞ 6=
⋃

y∞∈R′
Y
RP ′(·|y∞) =

⋃

y∞∈R′
Y
RP ′(·|y∞),y∞. We

have the proof.
Proof of part 5. By definition of ML-random sequences, the sets (i), (iii), and (iv) are Borel
sets. By definition of ML-random points, RP ∈ B2. By Fubini theorem, RP

y∞ ∈ B1. By
Theorem 3.1 and 3.8, the set (iv) is the smallest one among the sets (i)–(iv), and we have
the first part of part 1. The latter part follows from part 1. �

Remark 3.11 In Theorem 3.10, P (· | 1∞) is not computable with oracle 1∞, however
RP (·|1∞) = RP (·|1∞),1∞. The author does not know if the statement ∀y∞ ∈ RPY RP (·|y∞) =
RP (·|y∞),y∞ is always true for the consistent Bayes models.

4. Discussions

We discuss the three topics: Bayes models and uniformly computable parametric mod-
els, an algorithmic solution to a classical statistical problem, and randomness in statistical
models.

4.1. Bayes models and uniformly computable parametric models

Before we show our results, we summarize several known results for uniform tests [6,
13, 15, 21, 35]. Let {(Ω,B1, Py∞) | y∞ ∈ Ω} be a parameterized family of distributions
(parametric model {Py∞ | y∞ ∈ Ω} for short). We assume that y∞ → Py∞(A) is measurable
for any fixed A ∈ B1 [8] and uniformly computable [6, 13, 15, 21, 35]. If Py∞ is uniformly
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computable, then Py∞(·) is defined for all y∞ and the function y∞ → Py∞(x) is continuous
for each fixed x ∈ S.

A function t : Ω → [0,∞] is called lower semicomputable if the set {x∞ | r < t(x∞)} is
effectively open uniformly in rational r. A lower semicomputable function t : Ω×Ω → [0,∞]
is defined in a similar manner [6]. We call a function tA : Ω → [0,∞] a blind test w.r.t. P
and oracle A if tA is lower semicomputable with oracle A and

∫

tA(x
∞)dP ≤ 1. Let T (P,A)

be the set of blind tests w.r.t. P and oracle A. The set of blind random sequences w.r.t. P
and oracle A is defined by Blind(P,A) := {x∞ | tA(x

∞) < ∞ for all tA ∈ T (P,A)}. The set
of blind random sequences w.r.t. P , Blind(P ) is defined similarly. A lower semicomputable
function t : Ω×Ω → [0,∞] is called a uniform test w.r.t. a parametric model {Py∞ | y∞ ∈ Ω}
if
∫

t(x∞, y∞)dPy∞(x∞) ≤ 1 for all y∞ ∈ Ω.
The following proposition shows the relationship between RP (RP,A), blind randomness,

and randomness for uniformly computable parametric models.

Proposition 4.1 (Bienvenu et al. [6])
1. Blind(P ) = RP and Blind(P,A) = RP,A for all probability measure P on (Ω,B) and
oracle A. Assume that P are computable and computable with oracle A then RP and RP,A

coincide with Martin-Löf random sequences and those with oracle A [23], respectively.
2. Assume that {Py∞ | y∞ ∈ Ω} is uniformly computable. Then, there is a universal uniform
test t, i.e. for each uniform test t w.r.t. Py∞ for y∞ ∈ Ω there is c > 0 such that t ≤ ct, and
{x∞ | t(x∞, y∞) < ∞} = Blind(Py∞ , y∞) = RPy∞ ,y∞ for all y∞ ∈ Ω.

A Bayes model (X × Y,B2, P ) is defined from a parametric model {Py∞ | y∞ ∈ Ω} and a
prior (Y,B1, PY ) by

P (x, y) :=

∫

∆(y)

Py∞(x)dPY (y
∞) for all x, y ∈ S. (11)

Theorem 4.2 (Vovk and Y’yugin[35]) Assume that a parametric model {Py∞ | y∞ ∈ Ω}
is uniformly computable and (Y,B1, PY ) is computable. Let (X×Y,B2, P ) be the Bayes model
defined by (11). Then

RP
y∞ = RPy∞ ,y∞ for all y∞ ∈ RPY and RPX =

⋃

y∞∈RPY

RP
y∞ .

Definition 4.3 (Bienvenu et al. [6]) A uniformly computable parametric model {Py∞ |
y∞ ∈ Ω} is called effectively orthogonal if RPy∞ ,y∞ ∩RPz∞ ,z∞ = ∅ for all y∞ 6= z∞.

Theorem 4.4 (Theorem 5.41 in Bienvenu et al. [6]) Assume that a parametric model
{Py∞ | y∞ ∈ Ω} is uniformly computable and effectively orthogonal. Then

RPy∞ ,y∞ = RPy∞ for all y∞. (12)

We state our results for uniform tests.
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Definition 4.5 P (· | y∞) is called continuous at y∞ ∈ RPY if limn P (x | y∞(n)) = P (x |
y∞) for all x ∈ S and for any sequence y∞(1), y∞(2), . . . ∈ RPY such that limn y

∞(n) →
y∞ ∈ RPY .

Theorem 4.6 Assume that a parametric model {Py∞ | y∞ ∈ Ω} is uniformly computable
and (Y,B1, PY ) is computable. Let (X×Y,B2, P ) be the Bayes model defined by (11). Then,
1. P is computable. For all y∞ ∈ RPY , P (· | y∞) = Py∞(·), P (· | y∞) is continuous and
computable with oracle y∞, RPy∞ ,y∞ = RP (·|y∞),y∞ , and RPy∞ = RP (·|y∞).
2. In addition, if {Py∞ | y∞ ∈ Ω} is effectively orthogonal then, P is consistent.

Proof) Since Py∞ is uniformly computable and PY is computable, P is computable. From
(11), for all x, y ∈ S

P (x | y) =

∫

∆(y)

Py∞(x)dPY (y
∞)/PY (y). (13)

Since Py∞ is uniformly computable, y∞ → Py∞(x) is continuous for all x ∈ S. From (13),
for all x ∈ S and y∞ ∈ Ω,

∀ǫ > 0 ∃y ∀y′ |P (x | y′)− Py∞(x)| < ǫ for y ⊑ y′ ⊏ y∞.

By Theorem 2.1, for all x ∈ S and y∞ ∈ RPY

∀ǫ > 0 |P (x | y∞)− Py∞(x)| < ǫ.

Since ǫ > 0 is arbitrary, we have that P (· | y∞) = Py∞(·) for all y∞ ∈ RPY and the latter
statements in part 1. Continuity of P (· | y∞) follows from that of Py∞.
Proof of part 2. Assume that the parametric model is effectively orthogonal. By Theorem 4.2,
RP

y∞ ∩ RP
z∞ = ∅ for all y∞, z∞ ∈ RPY and y∞ 6= z∞. If y∞ /∈ RPY , we have RP

y∞ = ∅, see
[20] or [31]. By Theorem 3.4, P is consistent. �

The following proposition shows that neither of the converses of Theorem 4.6 is true.

Proposition 4.7 There is a computable and consistent (X × Y,B2, P ) such that
(i) P (· | y∞) is computable with oracle y∞ for all y∞ ∈ RPY and
(ii) 0∞ ∈ RPY and P (· | y∞) is not continuous at 0∞.

Proof) Let r(0n1∞) := 2−n for n ≥ 1 and r(0∞) := 1. Let Py∞(x) := r(y∞)
∑

xi(1 −
r(y∞))|x|−

∑
xi for all x = x1 · · ·x|x| ∈ S, xi ∈ {0, 1} if y∞ = 0n1∞ for n ≥ 1. Let Py∞(x) := 1

for all x ⊏ 1∞ if y∞ 6= 0n1∞ for n ≥ 1. Let PY ({0
n1∞}) := 2−(n+1) and PY (0

∞) := 1/2.
Then PY is a computable probability measure and RPY =

⋃

n≥1{0
n1∞} ∪ {0∞}. Py∞ ⊥ Pz∞

if y∞, z∞ ∈ RPY and y∞ 6= z∞. Let P be a Bayes model defined by (11). Then, P is
computable and P (· | y∞) = Py∞ for all y∞ ∈ RPY . By Theorem 3.4, P is consistent. Since
P (1 | 0n1∞) = 2−n and P (1 | 0∞) = 1, P (· | y∞) is not continuous at 0∞ ∈ RPY . �

By Theorem 4.6 and Proposition 4.7, the assumption of Theorem 3.1 and 3.2 is weaker
than that of Theorem 4.2. In [35], a quantitative version of Theorem 4.2 is shown, for
more details, see Section 7 in [5] and [26]. The equation (6) in Theorem 3.8 is true under
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computable consistent Bayes models. By Theorem 4.6 and Proposition 4.7, those models
constitute a larger family of models than those defined by (11) with uniformly computable
and effectively orthogonal parametric models and computable priors. Note that the equality
in (12) is true for all y∞ ∈ Ω while that in (6) is true for all y∞ ∈ RPY . In [6], Theorem 4.4
is proved for the families of measures that are parameterized by themselves. Kjos Hanssen
[15] demonstrated a different proof of (12) for the Bernoulli model.

Definition 4.8 A measurable function (estimator) f : X → Y is called consistent for the
parametric model {Py∞ | y∞ ∈ Ω} if Py∞(f−1(y∞)) = 1 for all y∞ ∈ Ω. A parametric model
{Py∞ | y∞ ∈ Ω} is called consistent if there exists a consistent estimator.

In Definition 8.1 [6], uniformly computable consistent models are called orthogonal. We use
the term consistent for the orthogonal models to distinguish pairwise orthogonality from
orthogonality.

Theorem 4.9 Assume that {Py∞ | y∞ ∈ Ω} is uniformly computable. Let

f−1(y∞) :=

{

RPy∞ ,y∞ if y∞ 6= 0∞,

RP0∞ ,0∞ ∪ (Ω \
⋃

y∞∈Ω RPy∞ ,y∞) if y∞ = 0∞.

The following statements are equivalent.
(i) {Py∞ | y∞ ∈ Ω} is effectively orthogonal.
(ii) f : Ω → Ω is well-defined and a consistent estimator for {Py∞ | y∞ ∈ Ω}.

We give the proof after Definition 4.10, Proposition 4.11, and Lemma 4.12.

Definition 4.10 Let A be a subset of X × Y and B be a subset of Y . Set

πX(A) := {x∞ | ∃y∞ ∈ Y (x∞, y∞) ∈ A} and (14)

πX,B(A) := {x∞ | ∃y∞ ∈ B (x∞, y∞) ∈ A}.

A countable union of closed sets is called Fσ set.

Proposition 4.11 (a special case of Exercise 2.3.24 [29] pp.61) Assume that C ⊆ X×
Y is closed. Then πX(C) is closed.

Proof) Let α(1), α(2), . . . be a sequence of points in πX(C). Suppose that α(i) → α as i → ∞.
We show that α ∈ πX(C). By (14), there is a sequence (α(1), β(1)), (α(2), β(2)), . . . ∈ C.
Since X × Y is compact, C is compact and there is a subsequence
(α(n(1)), β(n(1))), (α(n(2)), β(n(2))), . . . ∈ C such that n(1) < n(2) < · · · and (α(n(i)), β(n(i))) →
(α′, β ′) ∈ C as i → ∞. Thus limi α(i) = limi α(n(i)) = α′ = α ∈ πX(C). �

Lemma 4.12 Assume that A is Fσ in X × Y . Then πX(A) is Fσ. Further assume that
πX,C(A) ∩ πX,D(A) = ∅ for all C ∩D = ∅. Then πX,C(A) ∈ B1 for all C ∈ B1.
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Proof) Since A is Fσ, there are closed sets An in X × Y for all n and A =
⋃

nAn. First we
show that πX(A) ∈ B1. We have

πX(A) =
⋃

y∞∈Y

Ay∞ =
⋃

y∞∈Y

⋃

n

(An)y∞ =
⋃

n

⋃

y∞∈Y

(An)y∞ =
⋃

n

πX(An).

By Proposition 4.11, πX(An) is closed and πX(A) is Fσ. Similarly,
1. πX,∆(s)(A) is Fσ for all s ∈ S.
2. Assume that πX,Ck

(A) ∈ B1 for all k. Then πX,
⋃

k Ck
(A) =

⋃

k πX,Ck
(A) ∈ B1.

3. Assume that πX,C(A) ∈ B1. By assumption, πX,Cc(A) = πX(A) \ πX,C(A) ∈ B1.
Let B′ := {C | πX,C(A) ∈ B1}. From 1–3, {∆(s) | s ∈ S} ⊆ B′ and B′ is a σ-algebra. By
definition, we have B1 ⊆ B′. �

Proof of Theorem 4.9) First we prove (i) ⇒ (ii). Let t be a universal uniform test and
An := {(x∞, y∞) | t(x∞, y∞) > n} for all n. Then An is open, RPy∞ ,y∞ = ((∩nAn)

c)y∞ for
all y∞ ∈ Ω, and A := (∩nAn)

c is a Fσ set. Assume (i). Then f : Ω → Ω is well-defined,
i.e. f−1(y∞) ∩ f−1(z∞) = ∅ for all y∞ 6= z∞. Since the set A satisfies the assumptions of
Lemma 4.12, f is measurable. Thus f is consistent and we have (ii). The implication (ii) ⇒
(i) is obvious. �

In [8], necessary and sufficient conditions for consistency of parametric models are shown
for general parametric models.

4.2. Algorithmic solution to a classical statistical problem

In parametric models, estimators that are consistent at all parameters are concerned,
while in Bayes models, those that are consistent at almost all parameters are concerned. The
identification of the points at which the posterior distributions weakly converge constitutes
the problem (see pp.4 Diaconis and Freedman [9] and pp.24 Ghosh and Ramamoorthi [14]).

Let (X × Y,B2, P ) be computable, where X = Y = Ω. By Theorem 3.4, we have an
algorithmic solution to the problem, i.e. the Bayes model P is consistent if and only if

RPY ⊆ {y∞ | the posterior distribution is consistent at y∞}. (15)

Remark 4.13 1. Assume that the Bayes model is computable and consistent. Then, by
(15), we know that the posterior distribution is always consistent at the ML-random param-
eters without explicitly computing the posterior distribution. In other words, if the Bayes
model is consistent and computable and the posterior distribution is not consistent at some
parameters, then these parameters are not ML-random. Freedman [12] and Schwartz [27]
identified the sets of the consistent parameters for smooth finite dimensional i.i.d. (indepen-
dent and identically distributed) models, see pp.4 [9] or the examples below. Though (15)
identifies a subset of consistent parameters, Theorem 3.4 and (15) give a new solution to
the problem since they even hold true for any consistent P on (Ω2,B2) by relativizing with
oracle P without any further assumption.
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2. It is straightforward to extend the equivalence of the statements except for (viii) in The-
orem 3.4 to joint probabilities on complete separable metric spaces such as R∞ × R∞, see
Doob [11] or pp.24 Remark 1.3.3 [14]. For example, let (R × R,B) be a measurable space
where B is the Borel σ-algebra. Then, Theorem 3.4 holds for computable probabilities on
(R×R,B) by replacing open intervals ∆(s), s ∈ S in statements (iii) and (iv) in Theorem 3.4
with half open intervals [a, b), −∞ ≤ a < b ≤ ∞, a, b ∈ Q ∪ {−∞,∞}. Similarly, we can
extend Theorem 3.4 to probability measures on R∞ × R∞.

We examine (15) with examples of consistent Bayes models on complete separable metric
spaces.

Example 4.14 (Example 2 pp.17 in Schwartz [27]) Let Θ = [1, 2) be the parameter
space and the prior PΘ the uniform measure on Θ. Let X1, X2, . . . be i.i.d. random variables
and Xn := (X1, . . . , Xn) where X1 obeys the uniform measure on [0, 1) if θ = 1 and on [0, 2/θ)
if 1 < θ < 2. Let pθ(X

n) be the probability density function for θ ∈ Θ. Then pθ(X
n) = 1

if θ = 1 else (θ/2)n. Let θ̂(Xn) := argmaxθ pθ(X
n) and Yn := max1≤i≤n Xi. Then θ̂ = 1

if Yn ≤ 1 else 2/Yn. θ̂ is consistent for all parameters. The Bayes model is computable.
By Theorem 3.4, the Bayes model is consistent, and we have (15). The expectation of the
parameter w.r.t. the posterior distribution (Bayes estimate) is

βn(X
n) =







n+1
n+2

2n+2−1
2n+1−1

if Yn ≤ 1
∫ 2/Yn
1

θn+1dθ
∫ 2/Yn
1

θndθ
else,

and the posterior distribution is consistent except for θ = 1. Since PΘ is the uniform measure,
1 /∈ RPΘ , and (15) is true. Let P ′

Θ := αPΘ + (1 − α)δ1, where 0 < α < 1 and δ1({1}) = 1.
Then, the posterior distribution with prior P ′

Θ is consistent for all θ. Since P ′
Θ({1}) > 0,

1 ∈ RP ′
Θ , and (15) is true.

Before we show Example 4.19, we prove Proposition 4.17 for constructive topological
spaces.

Definition 4.15 (Constructive topological space [6, 13, 24] ) Let (X, T ) be a topo-
logical space with countable base O, i.e. every open set A ∈ T is a union of elements of O.
Let D be a subset of N and f : D → O an onto function (naming system p.132 [13]). We
call (X, T ,O, f, D) constructive topological space if D is r.e. The countable base O is called
r.e. if (X, T ,O, f, D) is a constructive topological space.

Definition 4.16 (ML-randomness on constructive topological space) Let (X, T ,O, f, D)
be a constructive topological space and (X,B, P ) a probability space where B is the σ-algebra
generated by O. Then ML-test and RP w.r.t. P are defined with similar manner in Sec-
tion 2, i.e. U ⊆ D×N is called ML-test or test w.r.t. P if U is r.e. and for all n Ũn ⊇ Ũn+1

and P (Ũn) < 2−n where Un := {x | (x, n) ∈ U} and Ã :=
⋃

s∈A f(s) for A ⊆ D. Then

RP := (
⋃

U : test

⋂

n Ũn)
c.
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Proposition 4.17 Assume that (Y, T ,O, f, D) is a constructive topological space. Let (Y,B, P )
be a probability measure where B is the σ-algebra generated by O. Then

RP ⊆ the support of P, (16)

where the support of P is the complement of the largest open null set w.r.t. P .

Proof) The complement of the support is a finite or countable union of null sets of O. For
each null set A ∈ O, there is i such that f(i) = A and P (A) = 0, i.e. A is covered by a
test. Since a countable union of tests covers the complement of the support, we have the
proposition. �

For simplicity, we write X for a constructive topological space (X, T ,O, f, D).

Remark 4.18 1. RP in (16) is blind randomness since we do not assume that P is com-
putable in Definition 4.16.
2. {(a, b) | a < b, a, b ∈ Q} is an r.e base for R with usual topology. Similarly, for a positive
integer m, Rm and R∞ with usual topologies have r.e. bases and are constructive topological
spaces. For other examples of r.e. bases and constructive topological spaces, see [13].

Example 4.19 (Freedman [12] Schwartz [27]) Freedman [12] and Schwartz [27] showed
that for smooth i.i.d. parametric models with finite-dimensional parameter space Rm, poste-
rior distributions are consistent on the support and inconsistent outside the support. Since
Rm has an r.e. base, by (16), we have (15) for these models.

4.3. Randomness in statistical models

We compare randomness in Bayes models with that in non-Bayes models.

Example 4.20 (Uniformly computable parametric models) Assume that {Py∞ | y∞ ∈
Ω} is uniformly computable and effectively orthogonal. Let g−1(y∞) := RPy∞ ,y∞ for all
y∞ ∈ Ω. Then g :

⋃

y∞∈Ω RPy∞ ,y∞ → Ω is well-defined and surjective. By Lemma 4.12, g is

measurable. We have g(x∞) = y∞ and x∞ ∈ RPy∞ ,y∞ for all x∞ ∈
⋃

y∞∈Ω RPy∞ ,y∞.

In the example above, first we consider the set of random sequences
⋃

y∞∈Ω RPy∞ ,y∞, the
union of the sets of random sequences w.r.t. the parameterized family of models. Then
for uniformly computable and effectively orthogonal models, for all x∞ ∈

⋃

y∞∈Ω RPy∞ ,y∞,
the true parameter y∞ is estimated by g(x∞) (g(x∞) = y∞) and x∞ is random w.r.t. Py∞

(x∞ ∈ RPy∞ ,y∞). For a similar argument on collectives, see von Mises [25].
In Bayes models, we assume that a sequence x∞ is random w.r.t. the marginal distribution

on sample space. Assumption (i’) requires that x∞ is also a member of the union of the sets
of random sequences w.r.t. conditional distributions given random parameters. Then for
consistent models, for all random sequence x∞ w.r.t. the marginal distribution on sample
space, the true parameter y∞ is estimated by the posterior distributions given finite prefixes
of x∞, x∞ is random w.r.t. the conditional distribution given y∞, and y∞ is random w.r.t. the
prior. In other words, we may say that our notion of randomness is a Bayes version of that
in uniformly computable parametric models.
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